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Abstract—This paper proposes a bandwidth tunable tech-
nique for real-time probabilistic scene modeling and mapping
to enable co-robotic exploration in communication constrained
environments such as the deep sea. The parameters of the
system enable the user to characterize the scene complexity
represented by the map, which in turn determines the band-
width requirements. The approach is demonstrated using an
underwater robot that learns an unsupervised scene model of
the environment and then uses this scene model to communicate
the spatial distribution of various high-level semantic scene
constructs to a human operator. Preliminary experiments in an
arti cially constructed tank environment as well as simulated
missions over a 10m 10m coral reef using real data show the
tunability of the maps to different bandwidth constraints and
science interests. To our knowledge this is the rst paper to
quantify how the free parameters of the unsupervised scene
model impact both the scientic utility of and bandwidth Fig. 1. The proposed co-robotic exploration system can be used to

required to communicate the resulting scene model. adaptively collect data based on visual information, while keeping a scientist
in the loop. Here we show an AUV developed in our lab, exploring an
|. INTRODUCTION arti cially created underwater environment.

The challenges of exploration in remote and extreme

environments such as the deep seas [1], [2], cave Systefig available bandwidth, for characterizing the environment
[3], outer space [4] and during or after a natural disaster [S}y a manner useful for describing the operator's scientic
[6] have much in common. It is expensive and inherentlyhterest.

dangerous for humans to explore such locations directly; The most common approach to underwater exploration
hence, the use of mobile robots is desirable. However, fhqay is to either use a tethered vehicle or an autonomous
communication bottlenecks exist in the environment, prognderwater vehicle (AUV) to traverse a pre-planned path
hibiting live streaming of video or other sensor data, thegjle collecting sensor data, which is reviewed once the
direct control of the robots is generally not possible. Thigopot returns to a location (the surface or a docking station)
paper describes a novel approach to co-robotic exploration {here high speed communication is possible [8]. Such mis-
communication starved environments, and presents a systg[fns are useful for collecting population statistics for dense
implementation of an under-sea exploration robot for coyng stationary phenomena, but have limited utility when
robotic exploration of marine environments. collecting data on spatially patchy or transient phenomena,

Although physically controlling a robot can be achievedsspecially in new or poorly mapped locations.
over relatively low bandwidth, it is dif cult to transmit the

scene information necessary for an operator or scientist to Il. BACKGROUND

make high level navigational decisions. We propose a spa-Scienti ¢ robots have been deployed to study a variety

tially correlated Chinese Restaurant Process (CRP)-based flextreme environments, necessitating exible models that

scene understanding model, that can be tuned to operate wigipresent scienti cally relevant detail and structure in the en-
vironment. Simultaneous localization and mapping (SLAM)
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plumes [13] and plankton concentrations [14], in autonomous sensor SC@;M

science applications. Other work has sought to explicitly observationsJ7———* habitat characterization

model discrete, causal structure in scienti c environments T

using Bayesian Networks (BN). Bayesian network models

are suitable when generative model of the phenomena to be

explored is known, but has its own set of challenges. Exact robot control interest

inference in BN can be dif cult in all but very small prob- ‘—

lems. Arora et al. [15] have used BN's to model geological

phen_omena; Fhelr formulation re_lles ona _Slgn_l cant amOl_mlr:ig. 2. Scientist in the loop, co-robotic exploration. The robot or

of prior domain knowledge speci ed by scienti ¢ experts inautonomous agent starts with a set of scienti ¢ interest characterizations

the form of conditional probability tables. Other works havelower right), and plans an initial path to maximize mission utility with

used xed thresholds on scalar sensor data set manua”y Eﬁ;pect to these i_nter_ests. After collecting sensor observgtions an_d re ning
. . , . . model of the scienti c phenomenon, the robot communicates this model

domain scientists to dictate autonomous behavior [16] or refy a scientist in-the-loop, who can dictate a set of updated scienti ¢ interest

on coarse prior maps of the environment, which are avaitharacterizations.

able when planning a mission [17]. While relying on prior

scienti c expertise or survey data is sometimes realistic, in = o ) )

environments such as the deep sea or space domain scienflB&ing ice can make it dif cult for a ship to keep station and

may not have enougl priori knowledge to formulate a deploy ROVs. The Ne_reld Under_ Ice [26] ve_zhlcle use_sar_u)_vel

scienti ¢ model and hypotheses. The unsupervised terrafPProach to co-robotic exploration under-ice by maintaining

model used in this work does not require prior scienti c& Nigh-speed communication link through a hair-thin ber-

expertise, training data, or environmental maps; instead,@pic cable. This cable is unspooled from both the ship and

terrain model is learned directly from discrete visual wordhe robot, and the robot maintains the capability to return to

observations in a camera stream. the open ocean to be recovered in case the tether breaks.

Bayesian nonparametric models have been used extenConversely, long duration ocean observing platforms such
sively for unsupervised scene understanding due to théi§ underwater gliders relay subsets of water column data
ab|||ty to characterize Comp|ex scenes with unknown confver low Speed satellite links when at the surface to direct
plexity in terms of number of objects. Furthermore, stronduture sampling efforts [27], [28]. Remotely gathered data is
Bayesian priors on the scene structure can enable realtid0 fed back into increasingly sophisticated environmental
in-situ learning, even with high dimensional sensor datgodels which are both used to understand the environment
streams [18]. Sudderth et al. [19] have proposed the use @fd to plan future trajectories of in-situ assets [29], [30].
thresholded global positioning system (GPS) for modelin§uch approaches, however, are only suitable for co-robotic
spatial distribution of scene constructs. Joho et al. [20] hayPeration when the quantity of interest is a slowly varying
used a Dirichlet Process in combination with a Beta proced@w-dimensional eld.
to represent indoor scene structure in terms of objects andOur proposed approach to co-robotic exploration is as fol-
their spatial con guration. Steinberg et al. [21] employ alows. The robot, unsupervised and equipped with a multitude
Dirichlet process clustering technique to learning underwat@f sensors, constructs a scene model to describe its environ-
terrain models. In our prior work [22] we proposed heirarment in a concise but meaningful way. This scene model can
chical Dirichlet process realtime online spatiotemporal topicge tuned to t the available bandwidth budget, and describe
(HDP-ROST), which uses a spatially coupled CRP to modéhe world at the level of abstraction suitable for describing
the spatial distribution of observed substrate types. Thi§e phenomena of interest. This scene model is constantly
unsupervised model allows for structure learning directiypdated with new observation data, and transmitted regularly
from visual observations, without the need for prior scienti cto the scientist. Given the scene model, the scientist then
knowledge about an environment or smoothness constrain@& nes a utility function over various types of scene labels
This paper combines HDP-ROST based scene understandgitfl other high level constraints, which is then broadcast to
approach with a physical platform for bandwidth-limitedone or more underwater robots. In the case of multiple robots,
robot autonomy to present a cohesive system for humaiiis possible to learn a shared representation through regular
robot co-robotic exploration of marine environments. message passing between them [31].

From a hardware perspective, platforms for co-robotic The underwater robots can then use the utility function to
exploration often seek to overcome the challenges of eglan an informative path plan, using either a greedy approach
treme environments using innovative physical designs. Oce&®] or more spatially aware planning [33], [34], collecting
exploration using a tethered Remotely Operated Vehiclggore information that is then used to update the scene model.
(ROV) is perhaps the most common approach to co-robotic This entire process continues in a loop (Fig. 2), enabling
scienti ¢ exploration [23], [24], [25], as it enables high scientists to continually de ne high level goals for the robots,
speed real-time relay of all sensor data to a remote scientisyen in unknown environments, while letting robots perform
and enable low-level control of the vehicle. However soméw level path planning and sensing autonomously.
ocean environments such as under the Arctic ice have uniqueThe focus of this paper is on 1) demonstrating a
challenges that prevent the deployment of a regular ROV. THmndwidth-tunable scene understanding technique that can



operate in unknown environments and be made to descridestribution over a set oV features with the symmetric
the scene at different levels of abstraction by changing onirichlet prior:

a handful of parameters; and 2) developing the hardware «  Dirichlet( );
and software infrastructure to enable such an underwater co-
robotic exploration mission. w  Categoricd] ):
IIl. SCENEMODELING The use of Dirichlet priors biases the generative model to-

In the context of co-robotic exploration, we require a scen@ards learning sparse distribution of features used to describe
model that can operate in geographic coordinate space, aagcene construct.
produce high-level and concise scene descriptions, which are
transmitted over a low-bandwidth communication channdp. Hyperparameter Selection

such as underwater acoustic communications. In this work The above generative model can be used to characterize
we extend HDP-ROST [22] to operate on a stream of image scene at different levels of abstraction. For example,
observation data with 3D geographic coordinates. for a given set of hyperparameters it is possible that we
learn labels that correspond to different parts of a coral, or
individual coral species, or a colony of different types of
The generative model for the observed data is described @srals that often co-exist. On a scienti ¢ exploration mission
follows. At timet, we consider generating a set of categoricajye would like the robot to characterize the scene at the
observations. Every one of these observationshas an same level of abstraction that is of interest to the scientist.
associated 3D observed positifay; d) 2 R® that is noisy, Our proposed solution to enable this behavior is to use an
and modeled as a random sample from a Gaussian centeggfhotated dataset from a location similar to what will be
around the true positio(x® y’, d°) with some measurement explored, with labels that describe the scene at the desired
noise level of abstraction. Given these annotatidnswve then nd
(Gy;d)  N((x%y%d%;) ; the hyperparameters=( ; ; ) for the generative model

. i . .. that maximizes the mutual informatidnbetween the latent
where d is depth. Additionally, each visual observation is

iated with a latent labed f locati scene labelZ = fzg and the corresponding annotations
associated with a latent scene labegrawn from a location- 5 _ fa g using grid search. Assuming that= k 2 [1;K]
speci ¢ mixture over scene labels:

anda=j 2 [LJ]:

A. Generative Process

t CRBuya ()i =( ; ; ) = argmax!(Z ;A)
z Categoricd] t): .
e | | 1z 5A) = £ IP(Ki)log o).
We model the distribution of scene labelsising a spatially P(K)P ()

correlated CRP. We discretize the world into cells, where .
. : . Note that compared with the standard approach for super-
each cell is represented by one pixel of the transmitted scene . .
. : vised learning, where the annotations are used to learn all the
map. Each cell has a Chinese Restaurant (topic model) Wmérameters of the model, we propose to use the annotations
an in nite number of tables, each corresponding to differe nly for identifying 3 h 7er arr)ampeters while still learnin
topic labels. We assign a new customer (observation) to 0%}3 y 9 yPerp : ' . 9
. . . . the other parameters of the model in an unsupervised manner.
of the K occupied tables with probability proportional to . .
: Hence the scene model can still be used to characterize
(n+ ), wheren is the sum of the number of cus'[omersCom letelvy Unknown environments
sitting at the table in that restaurant and at corresponding pietely '
tables in the neighboring restaurants, de ned using the Von
Neumann neighborhood of the cell. The hyperparameter
prioritizes labels used elsewhere in the scene. The customelOur system design is motivated by the vision that a
sits at a new table with probability proportional to Thus, team of underwater and surface robots with various sensing
the scene labet will take a valuek 2 [1;K + 1], whereK  payloads would be interactively controlled by a scientist in an
is the number of distinct scene labels that we have observaedknown environment to characterize phenomena observable
thus far. The advantage of using a CRP is that we do nbl the sensing payload. Our current robot system (Fig. 4) is a
need to explicitly specify the number of scene lalzefsiori, step towards this vision, and consists of 1) a surface platform
and it is allowed to grow automatically with the size andhat is used as an air-to-sea communication and localization
complexity of the observation data. system to link the scientist to the robots; 2) an AUV
Some random samples from the above generative procesguipped with acoustic and optical imaging capabilities, and
are shown in Fig. 3. We see that varyingand gives us suf cient computing power to generate concise scene maps
random maps with different spatial characteristics in terms dfom complex high dimensional sensor data streams; 3) a
number of different types of patches, and size of the patcheRobot Operating system (ROS) based software architecture
Finally, each scene label (topic) is associated with imag®e enable a compute graph that spans multiple computers,
descriptors (words), which we model using a categoricand optionally multiple robots.

IV. SYSTEM DESIGN
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